The South African beef cattle population is heterogeneous and consists of a variety of breeds, production systems and breeding goals. Indigenous cattle breeds are uniquely adapted to their native surroundings, necessitating conservation of these breeds as usable genetic resources to sustain efficient production of beef. Current projections indicate positive growth in human population size, with parallel growth in nutritional demand, in the midst of intensifying environmental conditions. Sanga cattle, therefore, are invaluable assets to the South African beef industry. Modern genomic methodologies allow for an extensive insight into the genome architecture of local breeds. The evolution of these methodologies has also provided opportunities to incorporate deoxyribonucleic acid (DNA) information into breed improvement programs in the form of genomic selection (GS). Certain challenges, such as the high cost of generating adequate numbers of dense genotypic profiles and the introduction of ascertainment bias when non-commercial breeds are genotyped with commercial single nucleotide polymorphism (SNP) panels, have caused a lag in progress on the genomics front in South Africa. Genotype imputation is a statistical method that infers unavailable or missing genotypic data based on shared haplotypes within a population using a population or breed representative reference sample. Genotypes are generated in silico, providing an animal with genotypic information for SNP markers that were not genotyped, based on predictive model-based algorithms. The validation of this method for indigenous breeds will enable the development of cost-effective low-density bead chips, allowing more animals to be genotyped, and imputation to high-density information. The improvement in SNP densities, at lower cost, will allow enhanced power in genome-wide association studies (GWAS) and genomic estimated breeding value (GEBV)-based selection for these breeds. To fully reap the benefits of this methodology, however, will require the setting up of accurate and reliable frameworks that are optimized for its application in Sanga breeds. This review paper aims, first, to identify the challenges that have been impeding genomic applications for Sanga cattle and second, to outline the advantages that a method such as genotype imputation might provide. ______________________________________________________________________________________
Introduction
South Africa accommodates a human population of approximately 57.7 million people (Statistics South Africa, 2018) . According to UN projections, this number will increase to 72.8 million people by 2050 (United Nations, 2017) . Nutritional demand, specifically the demand for animal protein, is expected to grow in parallel with population size and the responsibility of meeting this demand will weigh heavily on livestock production systems. Global warming will make bearing this responsibility a challenging task, with extreme environmental changes expected for developing countries south of the equator . Widespread regions of South Africa are experiencing a state of drought, which is the result of the strong El Niño event that occurred in the 2015/2016 year (South African Weather Service, 2016) . The shortage of water in the country has raised concerns, among other things, about the amount of water it takes to finish cattle off in feedlots (Meissner et al., 2013) . Approximately 68.6% of South African land is available for grazing, which is an ideal situation for extensive livestock production systems that rely on natural veld as feed source (Directorate: Knowledge and Information Management, 2017) . Global warming, however, will be responsible for fluctuations in the nutritional value of the natural veld . Moreover, South Africa is geographically diverse and hosts a wide range of climatic zones, vegetation and soil types as well as a series of tick-borne and other endemic cattle diseases, each unique to its nine terrestrial biomes.
The South African beef population includes the Sanga cattle subspecies (Bos taurus africanus), which is indigenous. The breeds that belong to this subspecies include the Afrikaner, Drakensberger, Nguni and Tuli and the experimentally developed composite Bonsmara (Scholtz, 2010) . These cattle, which are phenotypically distinguishable by their cervico-thoracic humps, resulted from historic crossbreeding between taurine and indicine cattle subspecies in eastern Africa (Payne & Hodges, 1997; Felius et al., 2014) . From there, they were brought to southern Africa by migrating tribes (Schoeman, 1989) , reaching South Africa by 250 -500 AD (Payne & Hodges, 1997; Felius et al., 2014) . Prolonged exposure to and endurance of the natural elements specific to South Africa have shaped the genomes of Sanga breeds to become habituated to the country's various extensive farming environments. Many trial-based studies have confirmed the ability of these breeds to adapt to, survive and reproduce in the varying beef-producing regions of South Africa. In the past decades several South African animal scientists have reported on and reviewed so-called proxyindicator traits of adaptability for Sanga breeds. These studies have highlighted the potential of Sanga breeds to be highly fertile (e.g. Maule, 1973) , calve easily and frequently (e.g. Scholtz, 1988; Schoeman, 1989; Collins-Lusweti, 2000) , resist ticks and tick-borne diseases (e.g. Bonsma, 1980; Schoeman, 1989; Rechav & Kostrzewski, 1991) , and be well suited to extensive finishing systems of South Africa (e.g. Du Plessis et al., 2006) . The genetic architecture of SA Sanga breeds and the molecular mechanisms underlying their adaptation abilities, however, have been only partially investigated.
The number of genomics studies on beef cattle has grown steadily in South Africa over the past five years. The initial validation of the utility of the Illumina® bovine SNP50 bead chip for indigenous South African cattle by Qwabe et al. (2013) provided the first insight into genomics of Sanga cattle. Validation was important because no Sanga breeds were included in the SNP discovery process of this bead chip (Matukumalli et al., 2009) . As was expected, lower minor allele frequency (MAF) was observed and consequently a lower number of informative SNPs for indigenous, non-discovery breeds and crossbreeds. Zwane et al. (2016) and Lashmar et al. (2018) confirmed the tendency towards low MAF in Sanga breeds using GeneSeek®'s GGP 80K and GGP 150K bead chips, respectively. In a series of successive studies, the authors who did the original validation, investigated the genetic diversity (Makina et al., 2014; Makina et al., 2016) , linkage disequilibrium (LD) and effective population size (N e ) (Makina et al., 2015a) as well as selection signatures (Makina et al., 2015b) of indigenous breeds. The SNP50 bead chip was also utilized to identify copy number variations (CNVs) in Nguni cattle (Wang et al., 2015) . Genes associated with biological processes such as immune and abiotic stress were among the genes identified within these CNV regions (Wang et al., 2015) . These results were in partial agreement with the study by Makina et al. (2015b) , in which it was revealed that a heat shock protein gene (HSPB9) and immune response genes were under selection in indigenous breeds. Mapholi et al. (2016) used SNP50 bead chip data to perform a GWAS to investigate tick resistance in a sample of close to 600 Nguni cattle. These authors identified several regions, in concordance with previous research, which harbour quantitative trait loci (QTL) that are linked to various tick-count traits. Only three of these regions, however, reached the threshold for genome-wide association significance, which necessitates further validation.
These studies provided a baseline for further investigation of SNP technology in South African beef cattle, especially for Sanga breeds. The local importance of these breeds, in terms of the role that they will play in enriching the South African beef industry, has attracted attention to the incorporation of genomic information into breed improvement programs in the form of GS. Genomic selection, however, relies on a good phenotypic and genotypic backbone. Owing to the relative size of the breed (about 120 000 animals) (Van der Westhuizen et al., 2014) and the completeness of phenotypic records, the SA Bonsmara was the first South African beef cattle breed for which GEBVs were estimated. This was preceded by a study that elucidated the population genetic structure within a possible reference population for the SA Bonsmara breed (Bosman et al., 2017) . The Beefmaster, a synthetic breed composed of Brahman, Hereford and Shorthorn genetics (Porter, 1991) , followed suit and was the second beef cattle breed for which GEBVs were released (Beefmaster Cattle Breeders Society of South Africa and SA Stud Book, 2017). The lack of accurate pedigree recording still prohibits the application of GS for a large portion of South African beef cattle breeds. Pedigree recording, however, has improved and for the Afrikaner, Drakensberger, Nguni and Tuli breeds the percentage of average pedigree completeness for first-generation animals is about 90% (Abin et al., 2016) . Although performance testing has been available for commercial beef populations since 1959, and all indigenous breeds are participating actively, participation by some breeders' societies is as low as 32% (Scholtz, 2010; Van Marle-Köster et al., 2013) .
Accumulation of sufficient genotypic information to initiate GS for breeds such as the SA Bonsmara was partly made possible through the Beef Genomics Project (BGP), which is a collaborative researchfocused project that includes researchers from universities and research councils, breeders' societies and other role-players. The BGP is a large-scale project that is funded by the Technology Innovation Agency (TIA; Department of Science and Technology) with the overall aim of instating genomic improvement in the South African beef population (Becker, 2016) . This funding initiative allowed the generation of approximately 7 000 genotypes across 16 breeds over a three-year period of routine genotyping . Before the BGP, the scale of genomic studies on beef cattle in South Africa was limited compared with international studies. South African studies have typically included small sample sizes and have focused on genome characterization and population genetic analyses. It is only since the inception of the BGP that improvements in the number of genotyped animals have made applications such as GS a possibility. The main reason for the lag in introducing these genomic technologies earlier for South African beef cattle was related to financial constraints. Even with major reductions in genotyping costs over the past decade, the per-animal price of genotyping is still expensive, especially for researchers in the developing world where adapted indigenous cattle resources, that often have unique and uncharacterized genomes, are located. Many local researchers therefore collaborate with international research groups to fund studies on indigenous breeds. Programs, such as BGP, therefore assists in mitigating the financial burden on individual research groups at local universities and research organizations to procure dense SNP genotypes towards realizing GS. Routinely generated genotypes could furthermore serve as a data resource for research groups with different research objectives that require large numbers of genotyped animals from certain breeds. These programs also assist in establishing intra-national collaborations and building local capacity.
Large numbers of genotyped animals are required to set up breed reference populations that are suitable for genomic evaluation. Post BGP, the financial responsibility of genotyping key animals in herds or populations will be that of interested breeders or farmers, and the current high costs of genotyping will probably impede further uptake of genomics if the benefits of this technology, in relation to the cost, cannot be realized. In contrast with the dairy industry (globally and in South Africa), where relatively few large breeds dominate the national herd, the beef industry is diverse and consists of approximately 30 breeds of taurine, indicine and Sanga descent, including taurindicine crosses and composite breeds (Strydom, 2008) . These subspecies are diverse, with breeds belonging to each subspecies displaying distinct genetic and phenotypic characteristics. Breeds also differ in their population size and the traits recorded for, as breeding objectives are breeder society specific . Including DNA information in breed improvement is a key objective to achieve genetic gain for local cattle and to exploit the adaptive mechanisms they possess. The effective introduction of GS, however, has phenotypic and genotypic requirements. To fulfil the genotypic requirements would necessitate i) the generation of high-density genotypes to be more affordable; ii) the availability of more genomic profiles per breed (approximately 1000); iii) the ability to standardize between genotyping platforms; and iv) GS algorithms to be optimized for the genomic structure of local breeds. Genotype imputation is a methodology that uses predictive algorithms to enable the procurement of un-genotyped genomic information, and thereby allows for saving on genotyping costs. It is an ideal candidate methodology to assist in fulfilling the genotypic requirements for GS and, if properly validated and optimized for routine application, can accelerate genomics research in South Africa cost effectively.
This review aims to elucidate genotype imputation as a genomic strategy, focusing on its relevance to indigenous Sanga cattle breeds. The review discusses the methodology behind imputation, the factors that influence imputation accuracy, and its value in future applications such as GWAS and GS.
Genotype imputation
Genotype imputation is a statistical methodology that involves the prediction and simulation of missing SNP genotypes from observed or non-missing genotypes through model-based approaches (Marchini et al., 2007) . The models are based on population genetic principles, and are used to deduce or extrapolate allelic correlations for sample sets with missing genotypic data using a sample set with dense and 'complete' data as a reference (Howie et al., 2009) . Imputation of missing genotypes generally relies on the fact that extended haplotypes are shared over short distances between animals with a common ancestor (Pei et al., 2008) . In effect, imputation therefore relies on family linkage, that is, the rules of Mendelian inheritance, or the LD structure within a population. If a reference population is genotyped on a high-density SNP panel and a test population is genotyped for a smaller subset of these SNPs, the assumption is that if they are related in some way, these populations should have similar underlying patterns of LD (Pei et al., 2008) . The genotypic information of a reference population or sample is used to model patterns in genomic variation (Browning, 2008) and this genomic variation, which is typically shared within population, can therefore be used to infer missing genotypes in a non-reference animal or test sample.
Imputation therefore is population specific, and the accuracy with which genotypes can be imputed depends on the persistence of LD between animals in the reference and test populations. Imputation is hence viable only across breeds or populations if they are genetically similar or related in some way (Berry et al., 2014) . Synthetic or composite breeds may therefore benefit from imputation if their component breeds are pooled in the reference population (Browning, 2008; Ventura et al., 2014) . Imputing missing genotypes from a reference population that belongs to an ancestrally different breed from the test population will result in low-quality imputation and will negatively affect the reliability, and hence utility, of imputed genotypes (Browning, 2008) .
If high-density genotypes can be imputed reliably from low-density SNP arrays with sufficient accuracy, this would allow for the opportunity to genotype more animals in a more affordable way (García-Ruiz et al., 2015) . Imputation is therefore an important statistical tool for enriching applications such as GWAS and GS that require higher or more evenly distributed marker densities (Marchini et al., 2007) . This tool will also enable comparison between SNP bead chip data that i) have been developed by different companies (e.g. Affymetrix TM , Illumina® and Neo-Geneseek®), and ii) that incorporate different SNP densities (e.g. 50K, 150K and 777K) in meta-analytic approaches (Ellinghaus et al., 2007) . This can be done by identifying a set of SNPs that are common to two platforms and then imputing to a standard density. For example, if low-(e.g. 7K), medium-(e.g. 50K) and high-density (e.g. 150K) genotypic information is available for a breed, the low-and medium-density information can be imputed to the high density and this highdensity information can be merged and collectively used for downstream analyses. This standardization might be useful when one considers the fast rate at which new and improved genotyping platforms are becoming available .
Imputation algorithms can generally be categorized as population-based and pedigree-based methods. Population-based algorithms assume large numbers of animals with unknown pedigree data and therefore rely on population-wide LD between markers (Weigel et al., 2010) . These algorithms use a probabilistic approach to perform imputation and rely on shorter haplotypes that are typically less than 1 centiMorgan (cM) in length . Probabilistic methodologies are ideal for natural populations and are more viable for high-density bead chips (Weigel et al., 2010; Mulder et al., 2012) because using methods that rely solely on LD information would be affected negatively when SNP densities are sparse and LD is low (Wang et al., 2016) .
Pedigree-based algorithms use heuristic methods that assume the existence of family structure and rely on long haplotypes, typically larger than 10 cM in length, which are shared between closely related animals . Imputation therefore cannot be reliably performed with these methods if accurate pedigree information is lacking. These methods are more suited to case-control studies or studies in which family trios -both parents and offspring -have been sampled. A number of imputation software programs exist, which differ in their approach to employing the methods discussed. The most popular imputation software programs in animal breeding and genetics research are listed in Table 1 , which was adapted from Calus et al. (2014) and Antolín et al. (2017) .
To summarize, probabilistic methods that rely on LD information generally use hidden Markov models (HMM) to perform imputation. HMMs are probabilistic models that allow assumptions and inferences to be made about hidden variables, each with a finite set of possible 'states', based on observable outputs (Rabiner, 1989) . These models estimate the probability that a certain state could be responsible for producing a certain observable output at a given time (Rabiner, 1989) . These models therefore use the underlying relationship, or correlation, between observed and unobserved SNPs to infer the most probable genotype for the unobserved SNPs. HMM methodology can be computationally demanding because it requires that genotypes are phased and estimate recombination rates. However, it can be supplemented with heuristic methodology that exploits more accurate phasing information owing to the incorporation of family linkage . The addition of pedigree information, albeit not a necessity, will therefore boost imputation accuracy. In the same way, HMM methodology can add value to heuristic methods if pedigree information for only one parent is available.
The algorithms and exact methodology incorporated in each of the software programs (Table 1) are discussed in detail in each of the scientific papers and have been reviewed by for example Antolín et al. (2017) and Wang et al. (2016) . Various statistical models have been proposed including HMM, haplotype clustering algorithms, linear regression models and expectation-maximization algorithms (Pei et al., 2008; Howie et al., 2009; Wang et al., 2016) . Statistical methods differ in their approach to capturing haplotypes that are shared in a population (Pei et al., 2008) . The choice of software therefore influences imputation accuracy. Several factors that are within and beyond the researcher's control might affect the quality of imputed genotypes. 
Factors that affect imputation accuracy
The accuracy with which SNP genotypes can be imputed will determine the utility and reliability of a given imputation method for a given population. Parameters to quantify imputation accuracy can generally be subdivided into two groups, namely those that determine i) the proportion of alleles or genotypes that were correctly (e.g. Weigel et al., 2010) or incorrectly imputed (e.g. Zhang & Druet, 2010) , and ii) the correlation or squared-correlation, usually the Pearson method of correlation, between true and imputed genotypes (e.g. Huang et al., 2009; Mulder et al., 2012; Ma et al., 2012 ). An alternative parameter, the imputation quality score (IQS), which determines imputation accuracy on the basis of statistics of agreements and adjusts for chance concordance has also been proposed (Lin et al., 2010) . Methods that determine the concordance rate of imputed alleles (that is, proportion correctly imputed) will be more informative for imputing genotypes for GS, since GS algorithms assume additive allele effects (Berry et al., 2014) . These methods, however, tend to inflate imputation accuracies because of sensitivity to lowfrequency alleles (MAF<5%) (Ramnarine et al., 2015) . Imputation of rare variants might therefore be better assessed using for example correlation-based accuracy measures that are less sensitive to MAF. All of these parameters are dependent on the availability of true and imputed genotypes, that is, scenarios in which a proportion of the true genotypes are available, but masked. A third category of accuracy quantification involves statistics that are built into programs such as BEAGLE (Browning & Browning, 2007) , which do not require the availability of 'true' genotypic data, but rather estimate accuracies based on the likelihood or expectation of genotypes and allele dosage (Ramnarine et al., 2015) .
Imputation accuracy depends on many factors including the imputation method, the MAF of the SNP to be imputed, LD between SNPs, the chromosomal position of the SNP (that is, whether it is located in the centre of the chromosome or on the chromosomal extremes), the quality of the SNP map, the discrepancy in SNP densities between high-and low-density SNP panels, and the size and composition of the reference population (Schrooten et al., 2014) . Setting up a framework for incorporating imputation, as a routine genomic procedure, would require the optimization of imputation methodology for specific breeds or breed groups such as Sanga cattle. This might necessitate adjustments for example for national breed size (that is, numerically small versus numerically large) and variations that might occur across the genome, which might be the case for admixed populations. In addition, the algorithms that are built into certain imputation software might not be suited to the genomic architecture of certain breeds or populations. The main factors that need consideration are detailed below and are focused on the Sanga context.
Reference population size and degree of relatedness to the test population
The main consideration in the experimental design of an imputation study is determining an appropriate set of reference haplotypes or animals to achieve accurate predictions (Li et al., 2009) . The most common method for assessing the influence of reference population size on the accuracy of genotype imputation is by masking varying subsets of reference animals and comparing the accuracies recovered for increasing reference population sizes (Li et al., 2009) . Accuracy measures generally improve with larger reference population sizes, and this trend has been well documented (e.g. Hayes et al., 2012; Pausch et al., 2013; Piccoli et al., 2014; Ogawa et al., 2016) . The improvement in accuracy, however, is not so pronounced for high-density bead chips compared with lower density ones (Ogawa et al., 2016) . That is, the effect of reference population size is reduced if fewer genotypes are to be imputed. The improvement in imputation accuracies with increasing reference sample could be because more animals are used to construct haplotype libraries from which to impute. The inclusion of more reference animals increases the probability of including more breed or population representative haplotypes. The rule of thumb has generally been that a reference sample size of about 1000 animals will be sufficient for imputation. However, the ideal population size for a breed will depend on breed dynamics.
The breed dynamic of the South African beef population has seen significant changes in the past. In the 1970s, when the national herd was approximately 6 million head smaller than the approximately 13.6 million animals recorded today (Meissner et al., 2013) , the indigenous Afrikaner dominated national herd numbers. Purebred Afrikaner and Afrikaner crosses represented approximately 70% of all the cattle slaughtered (Van Marle, 1974) . Today, the experimentally developed SA Bonsmara composite is the most abundant breed in South Africa (about 120 000 registered animals) (SA Stud Book, 2016) . The Nguni is the most abundant Sanga breed (about 38 000 registered animals) (SA Stud Book, 2016) . Registered animals that belong to Sanga breeds such as the Afrikaner (about 7300 registered animals) (SA Stud Book, 2016) , Drakensberger (about 12 800 registered animals) (SA Stud Book, 2016) and Tuli (about 9500 registered animals) (SA Stud Book, 2016) are far outnumbered by composite breeds such as the SA Bonsmara and SA Beefmaster (about 48 000 registered animals) (SA Stud Book, 2016) .
The SA Bonsmara was the first South African beef cattle breed to receive genomic evaluations. This is attributable to the relative size and market share of the breed and superior record keeping by the breeders' society, and hence availability of phenotypes. In the BGP, the generation of genotypes per breed was conditional on the size and breeding objectives, the availability of phenotypic data, and the long-term prospects of implementing GS successfully (SA Stud Book, 2016) . Approximately 42% of the animals participating in Logix Beef (SA Stud Book's animal recording database) belong to the SA Bonsmara, while only 2.4%, 4.5%, 5.6% and 3.3% of the animals that participate are Afrikaner, Drakensberger, Nguni and Tuli, respectively (SA Stud Book, 2016) . The eventual aim is to implement GS for all these indigenous breeds. Establishing breed-appropriate reference populations, however, requires the accumulation of sufficient genotypic information as well. To date approximately 300, 1 850, 960, 400 and 200 genotypes have been generated for the Afrikaner, SA Bonsmara, Drakensberger, Nguni and Tuli breeds, respectively, during the timeframe of the BGP (personal communication). Genotypic profiles were mostly generated using the GeneSeek Genomic Profiler 150K bovine chip.
The ideal reference population is not influenced solely by the size of the reference population, but by its composition as well. Imputation accuracy improves if there is a level of relatedness between the reference and test samples. Berry & Kearney (2011) for example showed a positive correlation between the average relatedness between reference and test samples and imputation accuracy. This correlation strengthened when the maximum relatedness of test animals were considered instead of the average relatedness (Berry & Kearney, 2011) . These authors observed an approximate 6% increase in genotype concordance rate for animals with both -as opposed to no -parents in the reference sample. Even though there are many imputation algorithms that can perform imputation fairly accurately for unrelated samples, the inclusion of parental or familial genotypes in the reference population will assist in boosting accuracy estimates. The reason for higher accuracy is due to closer linkage and therefore sharing of larger genomic segments within families. It would therefore be advisable or beneficial to include parent-offspring pairs or family trios in sampling efforts. This would be easier for dairy cattle, as opposed to beef, when one considers the higher prevalence of reproductive biotechnologies in the dairy industry.
In the SA Bonsmara for example strong genetic linkage between the animals that were genotyped was ensured by encouraging all breeders to submit hair samples of influential herd sires (SA Stud Book, 2017) . Sampling was also done to ensure the inclusion of animals with accurate BLUP breeding values (SA Stud Book, 2017) . This included female animals with superior breeding value accuracies for traits such as age at first calving, calving interval as well as maternal birth and weaning weights (SA Stud Book, 2017) . Animals were selected across a spectrum of good and bad performers for these traits. The same process is utilized to select appropriate animals to genotype for other Sanga breeds. Although the focus of selection was not to specifically sample family trios, selecting genetically influential animals would indirectly assure the genotyping of animals that are directly related. If parent-offspring pairs (sire-offspring or dam-offspring) have been genotyped with BGP, additional funding could possibly be used to complete family trio genotypes by genotyping or imputing the missing parent. Berry et al. (2014) tested the imputation of parental genotypes based on their half-sib progeny and concluded that ungenotyped parental genotypes could be inferred accurately if genotypes were available for a sufficient number of offspring.
Genome resources and SNP arrays
There were originally two competing genome assemblies for cattle. The first reference genome, Btau_1.0, was assembled by the Human Genome Sequencing Centre at the Baylor College of Medicine (Elsik et al., 2009) , whereas the Centre for Bioinformatics and Computational Biology at the University of Maryland initiated the assembly of an alternative genome, namely UMD2 (Zimin et al., 2009) . Efforts to assemble these reference genomes occurred concurrently. The assembled genomes went through several stages of improvement over the years, resulting in the versions (Btau_5.0.1 and UMD3.1.1) that are currently available to researchers through the National Centre for Biotechnology Information (NCBI). At the 11th World Congress for Genetics Applied to Livestock Production the release of a new de novo assembly, ARS-UCD, of the Dominette Hereford genome was announced (Rosen et al., 2018) . Long-read sequencing was utilized to reach 80X genome coverage with approximately 100-and 200-fold fewer gaps than the Btau_5.0.1 and UMD3.1 assemblies, respectively (Rosen et al., 2018) .
From the two initial genome assemblies, SNP identification followed. Today various commercial SNP bead chips are available for cattle through three leading companies (Affymetrix TM , Illumina®, Neogen's GeneSeek®) . The new assembly will aid in i) improving genome continuity, ii) remapping reads, and iii) improving marker ordering, which might influence SNP selection for the development of SNP genotyping platforms in the future (Rosen et al., 2018) . The commercial bead chips that are currently available for cattle are summarized in Table 2 , adapted from Nicolazzi et al., (2015) . There are also a growing number of custom-made bead chips that are protected by intellectual property, and are therefore not available for commercial utilization . Many of the bead chips that are listed in Table 2 have large numbers of SNPs in common. Some are updated versions of previously released bead chips, including additional SNPs that are optimized for specific purposes. Illumina's Bovine LD (6 909 SNPs), which was made available in 2011, for example has mostly replaced the Golden Gate 3K (2 900 SNPs), which was released in 2010 (Wiggans et al., 2013) . A subtotal of 2 159 SNPs were retained from the Golden Gate (Wiggans et al., 2013) . Geneseek recently released the bovine Genomic Profiler 150K (GGP 150K) SNP bead chip, which features 139 480 SNPs with an average inter-SNP distance of about 19 kilobase pairs (kb). The GGP 150K bead chip incorporates approximately 74 000, 42 000, 25 000 and 23 000 SNPs that are included on the original GGP HD (80K), Bovine SNP50 (Illumina), GGP LD and Bovine HD (777K, Illumina) bead chips, respectively. One of the most recently released platforms, the GeneSeek GGP Indicus bead chip, features about 35 000 indicine-specific SNPs that were selected from a cohort of breeds, including the Brahman, Nellore, Gyr and Santa Gertrudis and tropical composite breeds (Ferraz et al., 2018) . The GGP indicus chip was also optimized for high imputation accuracy in indicine breeds, with imputation to the Illumina HD bead chip being up to 97% accurate in these breeds (Ferraz et al., 2018) . Previous research has shown improved MAF and LD estimates for indigenous Ethiopian cattle (Edea et al., 2015) and improved imputation accuracy for indicine Gyr cattle (Boison et al., 2015) when indicus-derived SNP panels were used. Since Sanga cattle are taurine-indicine hybrids, it would be recommended to test the utility of this panel for Sanga breeds, in contrast to taurine-derived SNP panels. Lower-density bead chips in general are increasingly being developed with the aim of retaining specific subsets of SNPs, in common with higher density bead chips, to be optimized for low-cost genomic applications (Boichard et al., 2012) .
The bovine reference genome will undergo many updates in the future as sequencing technologies improve. This is an important consideration because re-mapping of SNPs can cause rearrangements in the haplotypes captured by bead chips, especially if SNPs are re-mapped to different chromosomes (Milanesi et al., 2015) . Incorrect SNP positioning of more than 5 000 SNPs on the bovine HD bead chip has been suggested (Pausch et al., 2013) . Pre-imputation, ensuring consistency between SNP positions of low-and high-density panel genotypic data is an important quality check. Software such as the web-based tool SNPchiMp provides a platform for standardizing SNP genomic positions by mapping markers to the same reference genome (that is, either to the UMD3.1, Btau_5.0.1 or ARS-UCD genome assemblies). Accurate mapping of SNPs is also important owing to the decrease in imputation accuracy, which has been observed for SNP genotypes on chromosomal extremes, as opposed to SNPs that are located in the centre of the chromosome, in previous studies (e.g. Ventura et al., 2016) .
Studies that focus on Sanga beef cattle have utilized Illumina SNP50 (e.g. Qwabe et al., 2013) , GeneSeek GGP 80K (e.g. Zwane et al., 2016) and GeneSeek GGP 150K (e.g. Lashmar et al., 2018) genotypic data for various genomic applications. Since the initiation of the BGP, data has been routinely generated using the GeneSeek GGP 150K panel, whilst specific research projects have generated lowdensity (e.g. Illumina 7K) and high-density (e.g. Illumina HD) genotypic data and whole-genome sequencing information, depending on the research interest. The diversity in genomic data that is available for Sanga cattle might therefore require standardization between platforms in future efforts to combine data in metaanalyses and collaborative projects.
The discrepancy in the number of SNPs between panels also influences imputation accuracy, specifically between low-and high-density panels (that is, the number of SNPs to be imputed). Accuracy estimates tend to improve with increasing SNP density of the low-density panel. That is, the fewer the number of SNPs that need to be imputed, the higher the mean imputation accuracy will be. This increase in accuracy can be attributed to the fact that haplotypes can be more accurately resolved with more SNPs present (Tsai et al., 2017) . Imputing Dutch Holstein genotypes to a custom 60K bead chip, Zhang & Druet (2010) observed decreasing imputation error rate when the SNP density of the low-density panel was improved from 384 SNPs to 6 000 SNPs. These authors then suggested a minimum of 3 000 SNPs to achieve 3% or lower imputation error rate (Zhang & Druet, 2010) . Ogawa et al. (2016) indicated a similar trend in imputing to 50K genotypes for Japanese Black beef cattle. Imputation accuracy was 2.7% higher when the low-density panel included 10 000 SNPs versus 500. This relationship agrees with imputation experiments on sheep (Hayes et al., 2012) , salmon (Tsai et al., 2017) and maize (Hickey et al., 2012) , and suggests that a minimum set of SNPs is required to allow optimal imputation.
The minimum number of SNPs that are necessary for accurate imputation must be determined to develop an imputation-driven low-density panel for Sanga cattle. For individual breeds, this will depend on the extent of LD within the population. Breeds that are characterized by lower LD will require higher SNP densities. Developing a low-density panel that is applicable across Sanga breeds will also depend on the persistence of LD across Sanga breeds. If the persistence of LD across breeds is low, a higher number of SNPs would be necessary as a minimum for the low-density panel in imputation.
Pre-imputation processing of genotypes
Pre-imputation procedures such as quality control (QC), DNA strand checking and phasing aid in processing and preparing genotypic data to optimize imputation accuracy. QC is an important first step in any genomics study, and serves to remove uninformative samples and markers in preparation of downstream analyses. Sample-based QC will exclude individual animals with discordant sex information (when pedigree-versus SNP-based gender assignment disagree), that have high percentages of missing genotypes (have a low call rate), display outlying heterozygosity rates and show evidence of non-Mendelian inheritance (Li et al., 2009; Anderson et al., 2010) . Marker-based QC involves excluding SNPs with low genotype call rate, those that deviate significantly from Hardy-Weinberg equilibrium, those with low MAF, and those that have duplicated or unknown genomic positions (Anderson et al., 2010; Purfield et al., 2016) . The stringency of the quality filters applied prior to imputation may influence the accuracy of imputed SNPs. Roshyara et al. (2014) proposed that for small to moderate datasets, less stringent or no QC procedures prior to imputation would be best practice owing to the detrimental effect that stringent QC procedures might have on the quality of imputation for such datasets. More stringent QC procedures might also discard SNPs that could have been successfully imputed (Roshyara et al., 2014) or rare SNPs that are informative for the expression of traits of interest, such as those pertaining to the adaptive mechanisms of Sanga cattle. Purfield et al. (2016) for example investigated the effect of sample call rate as a QC parameter on imputation accuracy, and observed improved genotype and allele concordance rates with increasing animal call rate. Genotype concordance rates improved from 0.41 to 0.95 when animal call rates were <40% versus when call rates were between 95% and 99% (Purfield et al., 2016) . These authors consequently proposed a cut-off of 85% as the lower limit for exclusion of animals based on call rate. QC procedures should therefore be optimized to retain high-quality data, but should not compromise the representation of SNPs in haplotype libraries used for imputation.
The quality of genotype imputation depends on whether the allele calls that are being generated for the test population are from the same physical DNA strand in relation to the reference genome (Verma et al., 2014) . Determining the DNA strand orientation is therefore an essential pre-processing step. SNP annotations also differ for datasets, and on the genotype platform and the genotype-calling algorithm (Verma et al., 2014) . Illumina for example uses a TOP/BOT method, which designates top (TOP) and bottom (BOT) DNA strands based on the SNP and its flanking sequence, and calls alleles based on a generalized 'Allele A' and 'Allele B' nomenclature (Illumina, 2006) . Genotypic information can also be provided in a forward/reverse orientation. Inconsistencies between genotypic data between the reference and test populations with regard to strand orientation and allele coding -that is, whether genotypes are coded as A/B or A/C/G/T format -can impede accurate imputation. Certain imputation software programs, such as BEAGLE (Browning & Browning, 2007) , IMPUTE2 (Howie et al., 2009) , and PLINK (Purcell et al., 2007) , have DNA strand checking utilities to determine strand orientation and to subsequently convert to a flipped strand orientation when necessary. During this procedure, alleles are converted to their complements based on observed alleles and the MAF and LD pattern that is observed for SNPs, and then removed when inconsistencies in these parameters cannot be resolved (Verma et al., 2014) . The developers of SNPchiMp have made bioinformatics tools available in the form of an application called SNPConvert, which can also assist researchers in standardizing allele coding and strand orientations for SNP genotypic data.
Haplotype phasing involves determining from which of the parental chromosomes or haplotypes SNP alleles are derived or on which they are located (Browning & Browning, 2011) . SNP genotypic data is generally unphased and for the purpose of imputation it is essential to know the origin and location, i.e. on which DNA strand, of each allele of a bi-allelic SNP (Browning & Browning, 2011) . Accounting for unknown phase is, however, computationally intensive and can be time-consuming (Howie et al., 2012) . Some imputation software such as BEAGLE (Browning & Browning, 2007) , however, performs phasing as part of the imputation process. In other cases, third-party software such as SHAPEIT (O'Connell et al., 2014) is available for 'pre-phasing' genotypic data in a two-step imputation approach. In the two-step approach, observed genotypes are firstly phased and then the phased genotypic information is used for imputation. Pre-phasing will be useful in speeding up computation time of the overall imputation process but the value thereof will depend on the accuracy with which haplotypes can be estimated (Howie et al., 2012) . Nevertheless, haplotype phasing will become increasingly important in future efforts to impute to sequencing data and the methods currently available are comprehensively reviewed in Browning & Browning (2011) .
Population-specific parameters: minor allele frequency
Minor allele frequency (MAF) can have significant effects on the reliability of imputation, and a number of authors have investigated the influence of varying levels of MAF on imputation accuracy (e.g. Hozé et al., 2013; Schrooten et al., 2014; Van Binsbergen et al., 2014) . The effect of low MAF versus high MAF on imputation accuracy will be determined primarily by how 'accuracy' is defined, that is, whether it is quantified as a proportion of correctly imputed genotypes or as a correlation between observed and imputed genotypes. It has consistently been found that accuracy quantified as a proportion or percentage of correctly imputed genotypes is correlated negatively with increasing MAF, whereas the correlation-based measure shows a positive relationship. Investigating different maize lines, Hickey et al. (2012) observed decreasing percentage-based accuracy, as opposed to increasing correlation-based accuracy, for increasing levels of MAF. For proportion-based or percentage-based measures, it is debated that when the frequency of the minor allele is low, there is a greater likelihood that imputation algorithms will predict genotypes as homozygous for the major or common allele (Hickey et al., 2012) . Conversely, high MAF creates more uncertainty, thereby deeming predictions less reliable and hence less accurate. The correlation-based measure is less dependent on allele frequency and assumes that low-MAF SNPs are not sufficiently segregating within the population, and therefore cannot be easily imputed based on shared haplotypes (Hickey et al., 2012) . Similar relationships were observed in European cattle, where Ma et al. (2012) indicated a higher 'correct rate' for lower MAF versus lower correlations for lower MAF across six widely used imputation software programs. These authors also observed that software that incorporated pedigree information was more sensitive to variation in MAF (Ma et al., 2012) . In pigs, Badke et al. (2013) indicated the same trends with regard to the relationship between accuracy measures and MAF, but found that proportion-based measures also improved with increasing MAF when inter-SNP differences in MAF are adjusted for.
Factors pertaining to the experimental design of imputation studies may influence the effect size of MAF on imputation accuracy. These include the size of the reference population and the method of imputation implemented within software programs. Imputation accuracy can be improved, and error rate lowered (Huang et al., 2009) , for rare SNP if a larger, more extensive reference population is used (Howie et al., 2009) . Allele frequencies of rare SNP are typically overestimated when a small reference population is used (Howie et al., 2009) . Possible adverse effects that low MAF might have on imputation accuracy will therefore be gradually alleviated with increasing animal numbers and improved representation.
MAF is essentially an indication of whether a SNP is segregating within a given population and therefore the composition of the reference population plays an important role as well. Boichard et al. (2012) indicated higher MAF, and therefore higher imputation accuracy, for cattle breeds that were used to design the bead chip under study. In humans, Howie et al. (2011) observed that although population-specific reference panels tend to outperform HapMap panels for imputation accuracy, reference panels that are 'ancestrally inclusive' and non-specific, may capture poorly represented low-frequency alleles. This would be important when genotypes need to be imputed for composite or crossbreeds of uncertain or unknown genetic composition such as the Drakensberger Sanga breed. Alleles that occur in low frequencies are not necessarily presented in reference haplotypes and therefore certain imputation software may have difficulty deriving the correct allele, which would affect the reliability of accuracy estimates directly (Schrooten et al., 2014) . Software programs differ in their ability to detect copies of the minor allele. Howie et al. (2009) showed that some methods are more prone to erroneous minor allele calls. Certain software programs are better equipped to deal with low-frequency SNPs. The use of the appropriate method to optimize imputation for non-commercial breeds, which might be disadvantaged by ascertainment bias, would be an important consideration.
Lower average MAF has been observed for Sanga versus exotic breeds, verifying the existence of ascertainment bias (Qwabe et al., 2013) . Furthermore, higher MAF was observed for a Sanga crossbreed (Angus x Nguni) than for a 'pure' Sanga breed (Nguni) (Qwabe et al., 2013) . The use of a commercial bead chip such as the Illumina bovine SNP50 might therefore be more useful for crossbreeds that carry taurine haplotypes and therefore display higher MAF for the SNPs that were discovered for the chip. In imputation for instance this will be useful only when these haplotypes are represented by an appropriate reference sample that is, either of the component breeds or high-impact animals from the crossbred population. Investigating the impact of MAF on imputation accuracy is important not only because of its direct impact, but also because of the influence it may have on other factors such as LD that determine imputation accuracy. Incorporating imputation as a genomic strategy will therefore require a complete understanding of the complex interplay between various population-specific parameters. Low-MAF SNPs have been observed to underestimate r-squared (r 2 ) based LD estimates (e.g. Khatkar et al., 2008; Qanbari et al., 2010) , and LD has been shown to increase with increasing MAF for Sanga breeds (e.g. Makina et al., 2015a; Lashmar et al., 2018) . In addition to parameters that characterize individual SNPs, it is important to look at the genomic relationship between SNPs.
Population-specific parameters: linkage disequilibrium and effective population size
Among the factors that have an influence of imputation accuracy, LD is probably the most important and has the potential to be limiting to achievable accuracy. The importance of LD, as a determining factor of imputation accuracy, has previously been shown where the influence of MAF was diminished in regions of high LD (Pei et al., 2008) . The ability to impute a given genotype is affected directly by the strength of local LD in the genomic region in which that SNP is located (Hickey et al., 2012) . Consensus has been that stronger LD improves imputation accuracy. Imputation algorithms are able to more accurately identify the haplotypes that are present on each gamete for individuals that are genotyped with a low-density panel, when LD is high (Hickey et al., 2012) . Low inter-SNP LD is generally characteristic of populations with large effective population sizes (Bovine HapMap Consortium, 2009) . This has been shown to impede accurate imputation (Pausch et al., 2013) . If LD is weak and does not persist over long genomic segments, finding key ancestors that are representative of the breed becomes difficult. Weak persistence of phase and LD across breeds also limits the application of multi-breed imputation. For populations that display weak LD, however, algorithms have been proposed to simulate LD specifically for association studies (Yuan et al., 2011) . This presents an opportunity to test imputation accuracy on different levels of LD. Makina et al. (2015a) revealed LD of r 2 ≥0.2 to extend to an inter-SNP distance of 100 kb in the Afrikaner breed, while the same level of LD extended only to a distance range of 10 -20 kb for other Sanga breeds such as the Drakensberger and Nguni. This corresponds to the relative sizes of these breeds in the national beef herd of South Africa -the Afrikaner is numerically the smallest of the Sanga breeds. Given a standard r 2 value of 0.2, which has been proposed as the ideal r 2 for GS and association studies, the Drakensberger and Nguni breeds would require approximately 150 000 SNPs, as opposed to 30 000 SNPs for the Afrikaner, for within-breed analysis (Makina et al., 2015a) . The utility of the 150K GGP bovine bead chip therefore needs consideration for the Drakensberger and Nguni breeds.
The N e of a population gives an indication of the evolution of a breed and can assist in understanding the genetic architecture that underlies traits (Falconer & Mackay, 1996) . This parameter essentially gives an indication of the number of animals within a breed that contribute to the genetic makeup of the national herd. The N e is dependent on the interplay between LD and the recombination distance between SNPs, in which the LD across a greater distance will be indicative of more recent N e and LD across a shorter distance will indicate N e in the more distant past or ancestral N e (Barbato et al., 2015) . SNPs would be more accurately imputed for breeds with smaller N e , which display higher within-population LD and therefore share larger haplotypes. Makina et al. (2015a) observed N e estimates of 41, 87 and 95 for Afrikaner, Drakensberger and Nguni breeds, respectively. These estimates were higher than those observed for exotic breeds such as Angus and Holstein. The discrepancy can be expected, because exotic beef breeds were generally subjected to intense artificial selection much earlier, and more consistently, than local commercial breeds. In comparison with dairy breeds, beef breeds are extensively managed, and breeding practices rely considerably less on reproductive technologies such as AI and MOET, and generally rely on natural mating. According to SA Stud Book's 2016 annual report, 31% of the SA Angus births resulted from AI, while only 0.5%, 8% and 1.6% of Afrikaner, Drakensberger and Nguni calves were born from this technology (SA Stud Book, 2016) . The variation in N e estimates between Sanga breeds can be explained by the higher level of admixture observed within Drakensberger and Nguni breeds in comparison with the Afrikaner breed (Makina et al., 2014) . In admixed genomes, a higher number of small haplotypes will be shared, as opposed to a smaller number of long genomic segments. The Afrikaner breed has experienced a significant decline in its population size over the past decades. This is postulated to be a result of increased utilization of the breed to develop composites, causing a small number of 'pure' Afrikaner animals to remain (Pienaar et al., 2014) . It is important to consider N e within the context of the actual or census population size within the national herd. The Afrikaner breed went from being the most abundant indigenous breed in the 1970s (Pienaar et al., 2014) to the numerically smallest Sanga breed, consisting of only 42 herds and approximately 7 300 animals nationwide (SA Stud Book, 2016) . The SA Bonsmara for example is currently the most numerous indigenous breed in South Africa with numbers of upwards of 120 000 animals. However, it has an estimated N e of 77 (Makina et al., 2015a) . On the contrary, the national Drakensberger herd is approximately a tenth of the size, with an estimated N e of 87. In the national herd of South Africa, it might therefore in theory be easier to sample animals that contribute to the population-wide genomic profile of the Drakensberger breed, and thereby achieve higher imputation accuracies, if high-impact animals can be identified and records are complete and accurate.
The utility of imputed SNPs in improving genomic applications

Genome-wide association studies
Genome-wide association studies (GWAS) aim to locate QTL or genes responsible for traits of economic interest. These studies use association signals between phenotypic and genotypic (genome-wide SNPs) information to guide researchers towards the location(s) on the genome responsible for expressing traits of interest ). These candidate regions can then be used as a reference to search for causative SNPs that explain a proportion of the variation that is seen in that trait . This methodology may have significant implications for cattle, because it can be used to better understand the genetic mechanisms underlying economically important traits, such as those involved in the adaptability of Sanga cattle. It can also be a diagnostic tool to identify SNPs that are associated with cattle disorders, which can then be used to select against animals that carry deleterious alleles. The utility of SNPs that are identified by GWAS, however, needs to be verified in an independent set of animals to determine their validity and reproducibility. After verification, these SNPs may then be included in commercial or population-specific and production-specific SNP panels. These SNPs, however, may still not be informative for the entire spectrum of cattle breeds if they are monomorphic and both alleles are not segregating within a population.
It has been proposed that most traits follow a trend of 'common disease-common SNP'. However, common SNPs have been shown to have limited influence on complex diseases in humans (Pritchard & Cox, 2002) . The association signals that are observed for common SNPs may be synthetic, meaning that these signals might not be influenced by common SNPs, but rather by rare SNPs that are in strong LD with common SNPs (Pritchard & Cox, 2002) . Rare SNPs could be causative variants, but might not be -and in most cases are not -included on the bead chips that are commonly used to perform GWAS. The association of rare SNPs with common diseases or phenotypes is difficult to capture owing to poor statistical power, and generally requires genotyping of large numbers of animals. The alternative is to capture these SNPs directly by using higher density SNP panels or through whole-genome sequencing efforts. Re-sequencing of whole genomes, which is aimed at discovering novel SNPs, is not always feasible because of the requirement for large datasets of sequenced animals and the relative cost of sequencing per animal . Methods such as genotyping by sequencing (GBS), which uses restriction enzymes to target specific segments of the genome, have been proposed to reduce sequencing costs and complexity. Genotyping by sequencing, however, has the limitation of producing high volumes of missing data, owing to the presence of variation in restriction sites, resulting from factors such as genetic divergence and low sequence coverage (Brouard et al., 2017) . This presents the opportunity for the utilization of methods such as imputation to fill the missing data gaps.
The main purpose of imputation for GWAS is to boost the number of SNPs that can be tested for association and hence improve the power of the study (Marchini & Howie, 2010) . Because animals can be genotyped on lower density panels, which can then be imputed to SNP densities that equated to a highdensity panel or GBS and sequencing data, more animals can be affordably genotyped and included for analyses. Imputation has proved to increase power by up to 10% for GWAS, with rare SNPs being proposed to gain the most from this method (Marchini et al., 2007; Spencer et al., 2009; Marchini & Howie, 2010) . Furthermore, after signals of association have identified certain genomic regions of interest, imputation can assist in fine mapping these regions, which will improve the chances of identifying the causal SNP or SNPs directly (Marchini & Howie, 2010) . In the past, in many cases GWAS results were not replicable because the cost of SNP genotyping limited sample size, which limits comparability, and also owing to the availability of SNP data from different panels. Imputation, however, can be utilized to standardize the number of SNPs from different studies by imputing to a common set of SNPs to allow meta-analysis at each given SNP locus (Marchini & Howie, 2010) . The combination of multiple datasets aims to reduce the number of false positive associations (Begum et al., 2012) . Meta-analysis has been applied successfully, and has resulted in the identification of new loci of interest that had not been identified previously in individual studies (Marchini & Howie, 2010) . These studies have been limited for cattle with only few meta-analyses performed for beef (e.g. Minozzi et al., 2012; Bolormaa et al., 2014) . All of these studies, however, have identified novel genomic regions of interest when using merged data sets. The only way to truly capture novel regions of interest or novel SNPs, however, is through genome re-sequencing.
A number of studies have been published that investigated the utility of imputed sequence variants for cattle (e.g. Van Binsbergen et al., 2014; Frischknecht et al., 2017; Pausch et al., 2017; Bernardes et al., 2018) . Imputation to sequencing data has been simplified by the initiation of the 1 000 Bull Genomes Project in 2012, which provides a database of whole-genome sequence information that is made available to research groups that are interested in imputation towards GWAS and GS (Daetwyler et al., 2014) . Sequencing variants have largely been imputed from Illumina's Bovine HD SNP panel. Imputation accuracies are compromised when imputing from lower density SNP panels such as the SNP50 panel, and hence a two-step procedure has been proposed, imputing first from SNP50 to HD, and subsequently from imputed HD to sequencing data (Bernardes et al., 2018) . Imputation to GBS data, which achieved up to 94% accuracy estimates, has also been tested in for example Canadian dairy cattle (Brouard et al., 2017) . Resequencing data that was generated for Sanga breeds from studies such as Zwane (2017) , which aimed to identify novel SNPs, provides a valuable resource for future South African studies that aim to utilize imputed sequence variants in GWAS and GS experiments.
Cost-effective genomic selection
Genomic selection, a concept that was first proposed by Meuwissen et al. (2001) , is a method that incorporates dense SNP genotypes to estimate GEBVs (Hayes et al., 2009) . A reference population with known SNP information and adequate performance and pedigree data is used to compile a prediction equation for the estimation of GEBVs in selection candidates (Meuwissen et al., 2001) . GS essentially captures all locus effects, regardless of size, that contribute to the genetic variation for a trait of interest by summing all estimated effects across the entire genome into a GEBV (Hayes et al., 2009) . These GEBVs are then used to aid selection decisions. The various models whereby GEBVs are estimated have been discussed in detail in previous literature (e.g. Goddard & Hayes, 2007; Goddard et al., 2010; Van MarleKöster et al., 2013) .
The four main driving factors that influence GEBV accuracy for a population are i) the population-wide LD; ii) the availability and completeness of genotypic and phenotypic data for the reference population; iii) the heritability of the trait in question; and iv) the distribution of QTL effects (Hayes et al., 2009) . The latter two factors are subject to the trait being studied. The decay of LD with increasing inter-marker distance has been reported widely, and specifically for non-exotic and admixed populations (e.g. Lashmar et al., 2018; Edea et al., 2015; Mokry et al., 2014) . Owing to the costs of acquiring high-density SNP genotypes and whole-genome sequencing data, especially for researchers in developing countries, improving SNP densities through genotyping and sequencing more SNPs is not economically feasible. Genotype imputation, however, will aid in cost-effectively improving SNP densities by genotyping animals with low-density panels and imputing to higher-density information. This would enable more efficient use of funds and genotyping more animals. Cost efficient genotyping will aid in the procurement of the rule of thumb 1 000 animals required for accurate GS (Meuwissen et al., 2001 ) and thereby availing this technology for possibly all Sanga breeds. The availability of sufficient performance and pedigree records, however, might then become the limiting factor. For this reason, the implementation of GS was first focused on Sanga breeds with good histories of animal recording such as the SA Bonsmara.
Developing a working pipeline of cost-effective GS for other Sanga breeds will require a low-density panel, consisting of Sanga-informative SNPs, which is optimized for accurate imputation. SNPs to be included on such a low-density panel will need to be selected from a pool of SNPs that are already included on high-density panels or have been sequenced for Sanga breeds, based on certain marker characteristics. These characteristics include the genome distribution (that is, whether SNPs are evenly spaced across the genome), the MAF (that is, whether SNPs are segregating within the population) and the LD pattern between SNPs. Methods that combine these attributes, such as the Wellman SNP selection method (Wellman et al., 2013) , and methods that incorporate machine-learning algorithms, such as feature similarity (Phuong et al., 2006) , have been used to select informative SNPs for Irish cattle (Judge et al., 2016) . Wu et al. (2016) also developed a multi-objective local optimization (MOLO) method for SNP selection, which uses a function that adjusts for gaps in the genomic data and incorporates Shannon entropy and other attributes, such as MAF and distribution, to select optimal SNPs. These methods need to be tested and validated for Sanga cattle to identify the optimal way of selecting Sanga-informative SNPs. Once the optimal SNP selection method and the optimal density (i.e. the minimum number of SNPs necessary from which to impute) have been identified, a low-density panel can be developed. This panel would serve as a backbone for using imputed SNPs in GS, which would allow the estimation of GEBVs at a reduced cost.
The utility of imputed genotypes for GEBV estimation has been studied for beef cattle (e.g. Berry & Kearney, 2011; Cleveland et al., 2011; Mulder et al., 2012) . Mulder et al. (2012) confirmed the feasibility of direct genomic value (DGV) estimation using low density bead chips, provided that these bead chips included at least 3 000 SNPs. Cleveland et al. (2011) observed some loss in the accuracy of GEBVs using imputed SNPs, but still retrieved accuracy estimates that were higher than those acquired by traditional BLUP. Berry & Kearney (2011) observed a correlation of 97% between DGVs estimated from true genotypes versus imputed ones across a set of 15 functional traits. The correlations, however, depend on the availability of records for a specific trait and hence the reference population size that is used to estimate the SNP effects for that trait (Berry & Kearney, 2011) . If more records are available, which is usually the case for easy-to-measure traits (e.g. weaning weight), then more animals can be included in the reference sample and the higher the DGV correlation from true genotypes versus imputed ones. For certain traits (e.g. direct and maternal calving difficulty), low DGV correlations are observed, regardless of relatively large reference population size. This phenomenon may be attributed to large QTLs being responsible for the expression of these traits (Berry & Kearney, 2011) . Rutkoski et al. (2013) observed that the most accurate method of imputation was not necessarily always responsible for the most accurate GEBV estimation. This was ascribed to non-random imputations errors. These errors can be indicative of possible genetic relationships in the GS model if they are shared between related animals (Weigel et al., 2010; Rutkoski et al., 2013) . Small numbers of wrongly imputed SNPs, however, are expected to have a negligible effect on GEBV accuracy since GS estimates all SNP effects simultaneously, as opposed to the SNP-by-SNPs approach that is followed in GWAS (Badke et al., 2013) . Nevertheless, imputation as a methodology needs to be optimized to minimize, as far as possible, the effect of imputation variability on GS endeavours, especially for breeds with heterogeneous genomes such as those that belong to the Sanga subspecies.
Conclusion
The promotion of locally adapted Sanga breeds relies on the utilization of genomics in breed characterization and improvement. Imputation provides a cost-saving strategy for applying genomic methodologies such as GWAS and GS that will aid in breed improvement. Implementation of imputation as a routine genomic strategy, however, relies on its accuracy and hence reliability, which is influenced by many variables. The incorporation of imputation would therefore require optimization in Sanga breeds. Once a working pipeline has been set up for utilization, this methodology would hold many advantages for downstream genomic applications that aim to advance indigenous South African beef breeds.
